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Analysis on spatial and temporal patterns of gross primary productivity 
(GPP) and evapotranspiration (ET) is critical in understanding and 
predicting terrestrial carbon and water cycles. However, there have been a 
few studies which provide spatially and temporally continuous estimates of 
GPP and ET in the Korean Peninsula. In this study, spatial and temporal 
patterns of GPP and ET in the Korean Peninsula were studied by using a 
bio-physical model, Breathing Earth System Simulator (BESS).  
GPP and ET from BESS are sensitive to Leaf Area Index (LAI) 
which is one of important input variables of BESS. LAI refinement was 
conducted by using re-modified temporal and spatial filter (rTSF) and LAI 
refinement improved accuracy compared to LAI from BESS and raw 
MODIS. The simulations of 11-year (2001-2011) GPP and ET in the Korean 
Peninsula were performed by using refined LAI. BESS derived GPP and ET 
were verified with eddy covariance measurements at 4 sites and 5 sites, 
respectively. Also, BESS derived basin ET was evaluated against water 
balance derived ET at a basin scale. Both GPP and ET from BESS show 
high positive bias at GDK and GCK sites while BESS derived GPP and ET 
were comparable to eddy covariance measurement at other sites and water 
balance derived ET.  
The mean annual land GPP and ET over the eleven years (2001-
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and 491 mm year
-1
. Land cover change was 
one of major causes for interannual variation of GPP and ET. In dry year, ET 
at highland became more sensitive to canopy conductance than that in 
normal year. Spring and autumn droughts caused spring and autumn ET to 
become most sensitive to canopy conductance. The sensitivity of ET to 
available energy increased in summer due to clouds during the summer 
monsoon. 
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Monitoring land-atmosphere interactions has a growing importance in 
research communities. Biosphere-atmosphere interactions such as Gross 
Primary Productivity (GPP) and Evapotranspiration (ET) can be monitored 
through field measurements or remote sensing techniques. Equipment used 
for field measurements include: eddy-covariance system [Baldocchi et al., 
2001] and portable gas exchange system such as LI-6400 
(http://www.licor.com). Interactions between land and atmosphere such as 
GPP and ET can be estimated in satellite images taken by Moderate 
Resolution Imaging Spectroradiometer (MODIS) 
(http://modis.gsfc.nasa.gov) [Mu et al., 2007; Ryu et al., 2011; Zhao et al., 
2005].  
Field measurements and satellite data have their respective 
advantages and limitations. Field measurements serve as “ground-truths” 
data [Hoover, 2008]. For example, eddy covariance data (flux tower data) 
enable us to evaluate MODIS products of GPP and evaporation [Baldocchi 
et al., 2001]. However, in-situ observations are limited in terms of spatial 
coverage [Jung et al., 2010]. Typical footprints of eddy-covariance system 
cover hundred meters to several kilometers [Schmid, 1994]. The global 
network of eddy covariance system (http://fluxnet.ornl.gov) spreads over 
500 sites around the world but is mostly located in North America and 
Europe.  
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Regional to global scale of remotely sensed data enhance 
monitoring of terrestrial ecosystems. Remote sensing measurements provide 
spatially continuous data which cannot be achieved with field measurements. 
However, the accuracy of the remotely sensed land surface properties 
depends on atmospheric conditions such as clouds and aerosol [Kobayashi 
and Dye, 2005]. For example, MODIS derived LAI values tend to be low 
under cloudy conditions [Myneni et al., 2002; Zhao et al., 2005]. In East 
Asia, MODIS LAI estimates might be underestimated during the summer 
monsoon period when clouds appear frequently. Also, erroneous output can 
be derived from incorrect algorithms in MODIS product. In case of MODIS 
GPP (MOD17), it underestimates at high productivity and overestimates at 
low productivity due to simple algorithms of Light Use Efficiency (LUE) 
[Heinsch et al., 2006; Zhang et al., 2012]. LUE in computation of MODIS 
GPP is derived from a look-up table but original estimation of LUE may 
contain errors. LUE is improperly characterized due to coarse resolution of 
environmental stress factors which may lead to errors in its estimation [Sims 
et al., 2008; Wu et al., 2010]. Big leaf model is used in MODIS GPP 
algorithm and it was found that a big leaf model underestimates GPP due to 
unrepresented shade leaves [de Pury and Farquhar, 1997]. Also, spatial 
resolutions between meteorological and terrestrial input data are very 
different and this could lead to bias in MODIS GPP [Heinsch et al., 2006; 
Ryu et al., 2011; Yuan et al., 2010; Zhao et al., 2005].  
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Integration of field measurement and satellite based measurement is 
critical in monitoring carbon and water fluxes over large areas [Running et 
al., 1999]. Many models have been developed, by taking advantages from 
both measurements. Field measurements provide point data. Models can be 
evaluated and improved on the points where field measurements exist 
[Baldocchi et al., 1996]. Remote sensing offers spatially continuous model 
input data [Fang et al., 2007; Schwarz and Zimmermann, 2005] thus model 
can produce spatially continuous outputs. Integrating these input datasets 
into a model makes it possible to monitor the unmeasured ecosystem 
[Running et al., 1999]. 
Farquhar’s leaf-level photosynthesis model [Farquhar et al., 1980] 
has been widely used in many terrestrial carbon cycle models [Cramer et al., 
2001; Sitch et al., 2008]. However, remote sensing derived GPP models 
mostly rely on the empirical light use efficiency approach [Cramer et al., 
1999; Turner et al., 2003]. ET has been estimated from the water balance 
[Rodell et al., 2004], the Penman-Monteith equation [Cleugh et al., 2007; 
Mu et al., 2007; Ryu et al., 2011] or energy balance residual [Allen et al., 
2007; Norman et al., 1995; Su, 1999; Yeh et al., 1998]. However, few 
studies using remote sensing data attempt to couple carbon and water fluxes 
[Ryu et al., 2011] although carbon and water cycle are inherently coupled 
via stomata [Baldocchi, 1997; Leuning et al., 1995].  
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The Breathing Earth System Simulator (BESS) used in this study 
couples carbon and water fluxes and uses dual-source (canopy and soil) and 
two-leaf model (sunlit and shaded leaves). It is a biophysical model that 
combined Farquhar’s photosynthesis model and Penman-Monteith 
evaporation model using MODIS, and quantifies GPP and ET with a spatial 
resolution of 1 – 5 km and a temporal resolution of 8 days [Ryu et al., 2011]. 
Both GPP and ET estimates from BESS are sensitive to LAI value [Ryu et 
al., 2011] which imply that high quality of LAI data is essential in accurate 
estimates of GPP and ET.  
MODIS LAI data are reprocessed in BESS. BESS uses MODIS 
LAI data classified as “Main (RT) method used, best result possible (no 
saturation)” or “Main (RT) method used with saturation. Good, very usable” 
in the quality flags (filtered data). The filtered data of 5 years (2001-2005) 
are averaged pixel by pixel (5-year-averaged data). When the values of 
filtered data are lower than half of 5-year-averaged data values, filtered data 
are removed and replaced by the 5-year-averaged data. However, this 
approach can reduce inter-annual variation of LAI, and can substantial noise 
in LAI estimates during the summer. Also, 5-year-averaged data could be 
still very low during the summer monsoon season. Therefore, improvement 
of MODIS LAI product is required in order to better quantify GPP and ET.  
Analysis on spatial and temporal patterns of GPP and ET is 
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important in understanding and predicting terrestrial carbon and water 
cycles. Analyzing GPP and ET in spatial and temporal domain enables us to 
understand environmental factors that control GPP and ET in different time 
and region [Bubier et al., 2003; Turner et al., 2004]. Through this, better 
prediction of spatial and temporal responses of carbon and water cycle 
under a changing climate can be achieved. Also, better understanding of 
spatial and temporal patterns of GPP and ET could enhance carbon and 
water managements to prepare carbon market era and secure sustainable 
water resources [Running et al., 1999]. Therefore, analyzing spatial and 
temporal variations of carbon and water fluxes is needed.  
There have been a few studies which provide spatially and 
temporally continuous estimates of GPP and ET in the Korean Peninsula. 
Monitoring of carbon and water cycle in Korea has been done mostly in plot, 
catchment or river basin scale. Lee et al. [2010] studied ET derived from 
precipitation and discharge data and GPP estimated via water use efficiency 
in Han River basin. In a deciduous broadleaf forest watershed in the 
Gwangneung Experimental Forest, carbon fluxes (wood biomass 
productions) during 1991-2004 were quantified [Kim et al., 2010]. Some 
studies used eddy-covariance data in analyzing carbon [Hong and Kim, 2011; 
Kwon et al., 2010; Kwon et al., 2009] and water fluxes [Hong et al., 2008; 
Kang et al., 2012]. Hwang et al. [2008] used Regional Hydro-Ecological 
Simulation System to evaluate drought effect on MODIS GPP in GEF.  
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There are a few studies on nationwide carbon and water fluxes. 
Choi et al. [2002] quantified carbon uptake of Korean forests by using forest 
tree inventory data collected from 3500 permanent plots. Trend of ET during 
1968-2001 in Korea was estimated via The Precipitation-Runoff Modeling 
System [Bae et al., 2008]. However, spatial analysis is hard to be done with 
point data [Choi et al., 2002] or area data [Bae et al., 2008]. Compared to 
point data and area data, pixel based data is better in detailed (less than 
regional scale)-spatial analysis.   
BESS was evaluated in 33 eddy flux tower sites located from arctic 
to tropical regions [Ryu et al., 2011]. However, the performance of BESS in 
the Korean Peninsula has never been evaluated. In order to achieve reliable 
quantification of GPP and ET in the Korean Peninsula, BESS should be 
evaluated with various data stream such as data from eddy-covariance 
system and basin water balance data.  
This study has three main objectives. Firstly, BESS is going to be 
evaluated with various data stream and be improved. In this part, the 
following tasks will be done: 1) To evaluate BESS derived GPP and ET 
estimates, and 2) To improve MODIS LAI product, one of the important 
variables in BESS. Secondly, spatial and temporal patterns of GPP and ET 
in the Korean Peninsula are going to be analyzed. In this part, the following 
tasks will be done: 1) To quantify GPP and ET of the Korean Peninsula 
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during 2001-2011, using BESS, and 2) To analyze spatial and temporal 
patterns of GPP and ET. Lastly, I am going to answer the following 
questions: 1) what controls ET in the Korean Peninsula, and 2) How 
contributions of sunlit and shaded leaves to GPP vary with the seasons.   
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II. Methods 
1. Site description 
The Korea Peninsula is located in temperate region (warm temperate, winter 
dry and hot summer [Kottek et al., 2006]). The average annual temperature 
of Korea during the last three decades is 10 ~ 15 ℃. The average of annual 
rainfall during the last three decades is about 1350 mm, more than half of 
which occurs in summer. The relative humidity in spring (Mar, Apr and May) 
is around 64% while that in summer (Jun, Jul and Aug) is about 78%. Korea 
has monsoon season which usually occurs from late June to late July (Korea 
Meteorological Administration, n.d.). 
Five sites (GDK, GCK, HFK, Seolmacheon site (SMK), 
Cheongmicheon Farmland Site (CFK)) were used in evaluation of BESS. 
GDK, GCK and SMK are forest sites and dominant vegetation types are: 
deciduous broadleaf trees at GDK, evergreen coniferous trees at GCK and 
mixed forest at SMK. HFK and CFK are either farmlands or rice paddies 
(www.koflux.org). Elevation of SMK is highest (293 m a.s.l.), followed by 
GDK (260 m a.s.l.), CFK (141 m a.s.l.), GCK (128 m a.s.l.) and HFK (13.74 
m a.s.l.). GCK, CFK and HFK have relatively flat terrain while GDK and 
SMK are on a slope (www.koflux.org).  
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Table 1 description of field measurement sites (source: www.koflux.org) 
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2. Description of BESS 
BESS consists of five key modules: atmospheric radiative transfer, canopy 
radiative transfer, canopy photosynthesis, canopy evapotranspiration and 
soil evaporation. In atmospheric radiative transfer module, an atmospheric 
radiative transfer model (FLiES) is used to calculate incoming shortwave 
radiation, photosynthetic active radiation (PAR) and near infrared radiation 
(NIR) at top of canopy [Iwabuchi, 2006; Kobayashi and Iwabuchi, 2008; 
Ryu et al., 2011]. Absorbed PAR, NIR and longwave radiation are quantified 
in canopy radiative transfer module, using LAI and clumping index. 
Maximum carboxylation velocity (Vcmax) is derived from albedo and 
nitrogen relation or the look-up table which classifies Vcmax values based 
on plant functional type (PFT) and climatic zones [Ryu et al., 2011]. Vcmax 
Figure 1 Overview of BESS [Ryu et al., 2011] 
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is a key parameter in the Farquha’s photosynthesis model [Farquhar et al., 
1980], used in quantification of photosynthesis in BESS. Based on the two-
leaf canopy conductance and Penman-Monteith equation, evapotranspiration 
at canopy was quantified.  
 
3. Improvement of BESS 
1) Reprocessing MODIS LAI data 
Fang et al. [2008] developed a temporal spatial filter (TSF) which 
aims to improve the quality of spatial and temporal series of MODIS LAI 
products over North America. Recently, mTSF (modified TSF) has been 
developed in order to improve MODIS LAI products globally [Yuan et al., 
2011]. mTSF differs from TSF in two parts. TSF processes data with QC ≥ 
32 while QC of data processed in mTSF are greater than zero. With TSF, the 
mean values from the multi-year data are taken as background values. Gaps 
within the multi-year data are filled by using an improved ecosystem curve 
fitting (ECF) method based on the MODIS vegetation continuous fields 
product (VCF) (VCF-ECF). However, as VCF-ECF is difficult to apply 
towards LAI improvements on a global scale, mTSF uses a new algorithm 
consisting of the following five steps: Conditional multi-year average, 
TIMESAT Savitzky–Golay filter [Jönsson and Eklundh, 2004], Local Per 
Class Mean, Per Class Mean and multi-year Per Class Mean. 
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 The mTSF still needs improvements. In summer, data with QC of 
zero shows very low value (less than 2) compared to ones with QC of 32 
even when the dates are not far apart. Using data only with QC=0 could 
lower the improved LAI value during summer seasons which could lead to 
an underestimation of GPP and ET in many models. Also, up-down-up 
patterns of LAI value, defined as the increase of LAI in spring, followed by 
a decrease in summer and again an increase in the fall season, were found in 
multiple evergreen broadleaf forests (EBF), deciduous broadleaf forests 
(DBF), mixed forests  
Table 2 MODIS LAI quality control (QC) value [Ranga Myneni, n.d.] 
QC MODIS LAI Algorithms 
QC=0 Main (RT) algorithm used, with no cloud, no saturation 
0<QC<32 
Main (RT) algorithm used, with cloud or cloud state not 
definedb, no saturation 
QC=32 
Main (RT) algorithm used, with no cloud, saturation 
occurred 
32<QC<64 
Main (RT) algorithm used, with cloud or cloud state not 
defined, saturation occurred 
64≤QC<96 
Main algorithm failed due to bad geometry, back-up 
algorithm used 
96≤QC<128 
Main algorithm failed due to problems other than 
geometry, backup algorithm used 
QC≥128 Pixel not produced at all, value couldn't be retrieved 
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(MF) and specifically, Gwangneung deciduous forest. This may be due to 
the fact that mTSF uses data only with QC=0 which leads to low 
background values in summer seasons. When background value in summer 
is low, up-down-up patterns occur.  
MODIS land cover product is a key input data in the MODIS LAI 
algorithm which includes 5 types of schemes: IGBP global vegetation 
classification scheme, University of Maryland (UMD) scheme, MODIS-
derived LAI/fPAR scheme, MODIS-derived Net Primary Production (NPP) 
scheme and Plant Functional Type (PFT) scheme [Friedl, n.d.]. The type 5 
(PFT) is used as Look-Up-Table in MODIS daily LAI product (MOD15A1) 
and MOD15A1 is composite of MODIS 8day LAI product (MOD15A2) 
which is used in this study. Using land cover type 5 (PFT) in reprocessing 
MODIS LAI product could reduce the uncertainty which might occur during 
spatial filling.  
Remodified TSF (rTSF) developed in this study overcomes the 
limitations of the mTSF. The rTSF is an enhancement over the mTSF in two 
different ways. 1) The rTSF uses data of which QC is 0 or 32. 2) The rTSF 
removes outliers. The rTSF calculates the mean of the top three values and 
the change value of each data against the adjacent. It then eliminates those 
data with a change value greater than half of the top three mean.  
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Table 3 Comparison of land cover and LAI data use, and computation steps 
among rTSF, mTSF [Yuan et al., 2011] and TSF [Fang et al., 2008] 
 rTSF mTSF  TSF  
Land cover 
MODIS land cover  
type 5 (PFT) 
MODIS land cover 
type 5 (PFT) 
MODIS land cover  
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① Basic concept of rTSF.  
 
Figure 2 Flow chart of rTSF prcesses. Processes in dashed box are 
different from those of mTSF. 
 The rTSF uses data with QC = 0 or 32 as reference data for 
reprocessing. Figure 2 shows a flowchart of rTSF which uses a linear 
combination of background and observation value as the TSF and the mTSF 
do. Background value is “predicted value” based on multi-year MODIS LAI 
datasets while observation value is “observed value” showing MODIS LAI 
value of one year. Observed value is important in interannual variation of 
improved MODIS LAI data.  
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The rTSF process can be divided into four parts. 1) Eliminating data 
with QC ≠ 0 or 32. 2) Calculating the background value based on the 
background value computation scheme explained in section ④ background 
value computation. 3) Calculating the observation value based on 
observation value computation scheme explained in section ⑤ observation 
value computation. 4) Determining the final value by applying the 
calculated background value and observation value to Cressman analysis 
(section ②). Background value for each pixel on the same DOY has similar 
value over multiple years and affects the overall shape of the time series of 
LAI. Observation value influences interannual variation.  
 
② Cressman analysis 
 Cressman analysis is an interpolation method through which 
background gridpoint value (predicted value) is corrected by a linear 
combination of residuals between background value and observation value 
(Eq. 1) [Cressman, 1959]. Weighting function depends on the distance 
between gridpoint and observation (Eq. 2).  
Xa(ri) = Xb(ri) + ∑ 𝑊(
𝑖+𝑛
𝑗=𝑖−𝑛 ri, ri)[Xo(ri)- xb(rj)] / ∑ 𝑊(
𝑖+𝑛










i,j))  (Eq. 2) 
 Eq.(1), where ri and rj are the location of data values, Xb and Xo are 
background and observation value, respectively. Xa is final value and W(ri, ri) 
is weighting function which depends on distance (di,j) between points ri and 
rj. R is set as 24.  
 
③ Data processing 
 The mTSF processes the MODIS LAI data with QC >0 from 2000 
to 2011. However, it has been known that data with QC<32 tend to show 
low value in the summer season (figure 3). Therefore, using data only with 
QC<32 could lead to an underestimation of LAI. For these reasons, data 
processed in the rTSF are ones with QC≠0 and QC≠32.  
 
Figure 3 MODIS LAI with QC < 32 shows low values, compared to MODIS 
LAI with 32 ≤ QC ≤ 64 (year: 2005, Gwangneung deciduous forest). 
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④ Background value calculation 
Background value calculation is based on that of the mTSF [Yuan et 
al., 2011]. However, steps 1, 3 and 4 are modified and step 2 is added to 
minimize the frequency of up-down-up patterns.  
 
Figure 4 Background value computation scheme. 1 km×1 km stands for 




Step 1. Multi-year mean 
Multi-year averages of MODIS LAI data are calculated pixel by 
pixel. In this calculation, all data which is lower than 50 percent of the 
overall multi-year maximum is removed. Up-down-up patterns in time 
series of MODIS LAI tend to be caused by ‘low value’ (less than 50 percent 
of maximum value of multi-year data) in Step 1. Removing these values 
could reduce the frequency of up-down-up patterns. Furthermore, 
calculations of multi-year average are considered successful when the 
number of data remaining after the removal of ‘low value’ is more than 4. 
The background values for the 8-day composites are equal on the same 
DOY of all years.  
 
Step 2. Removing outliers 
In order to prevent the frequency of up-down-up patterns, 
unreasonable drops are removed within a time domain window (half width 
of window is 6). Since decrease and increase of LAI by half of maximum 
LAI within 8 to 48 days hardly occur in natural ecosystem, unreasonable 
drops are defined as values lower than 65 or 40 percent of the average of top 
three values at both sides and one side, respectively. Only drops are 
removed for forested areas (EBF, ENF, DBF, DNF) while both drops and 
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rises are removed for non-forested area. In this process, the number of 
missing values increases.  
 
Step 3. Temporal gap filling with Savitzky–Golay filters 
As temporal gap-filling method, Savitzky–Golay filtering (SG 
filters, Eq. 3) was used (half width of window m is 4 and the degree of 
polynominal is 2). SG filtering is considered successful when the number of 
data used in SG filtering is more than 4. Missing values in Step 2 are 






𝑖=−𝑚   (Eq. 3) 
 
Step 4. Local Per Class mean 
In this process, spatial moving average is used in each land cover 
type, based on the result of Step 3. Moving average starts from 3 x 3 (half 
width: 1) to 31 x 31 (half width m: 15) matrix. For matrices smaller than 25 
x 25, it is considered successful when the number of data within a matrix is 
over m+2. For larger matrices, the result of moving average replaces 
missing value when the number of data within a matrix is more than 10. 
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Step 5. Per Class mean  
For the remaining empty pixels after Step 4, the average value of 
Step 4’s results of the same land cover within a tile will substitute for 
missing values. In most cases, empty pixels do not exist after Step 5 (move 
to Step 7, figure 5). Otherwise, Step 6 is required to fill the remaining 
missing value.   
 
Step 6. Multi-year per Class mean  
Average values of the same land cover type of all years on the same 
DOY replaces empty pixels.  
 
Step 7. Temporal smoothing with SG filters 
As the final step for background value computation, SG filter is 
applied to the filled data. In this process, the data smoothened out while 




Figure 5 Percent of filled data in the Korean peninsula at each step of 
background value computation (year : 2009, doy : 113).  
 
⑤ Calculating Observation value.  
Step 1. Data filtering 
Observation value calculation starts with filtering out data of 
unsatisfactory quality (QC≠0 and QC≠32) from MODIS LAI products. 
Unlike Case 1, results of step 1 are different for each year. The remaining 
data are with QC =0 or QC =32.  
 
Step 2. Removing drops and rises.  
Step 2 is the same as case 2 with the exception of the definition of 
unreasonable drops. In step 2, unreasonable drops are defined as follows: 
Definition 1: The values which are lower than 50 and 40 percent of 
the average of top three values at both sides and one side, respectively.  
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Definition 2: The values which are lower than 50 percent of the 
most adjacent values at both sides (half width of window is 6). 
Definition 2 was added in observation value calculation since ‘low 
value’ which can be removed in Step 1 of background value calculation was 
not removed. 
 
Step 3 to Step 7.  
The remaining steps for observation computation (from step 3 to 
step 7) are the same as those for background value computation (from step 3 
to step 7).   
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2) Change in Land cover type 
Land cover type is important in estimating GPP and ET in BESS since 
several key parameters, such as maximum carboxylation rate (Vcmax) and 
leaf optical properties, depend on land cover types [Ryu et al., 2011]. 
MODIS land cover product used in BESS is known to have 75% accuracy 
[Friedl et al., 2010]. BESS uses MODIS land cover product type 1 
(International Geosphere-Biosphere Programme, IGBP). However, MODIS 
daily LAI algorithm (MOD15A1) uses MODIS Land cover product type 5 
(PFT) and MODIS 8 day LAI product (MOD15A2) is based on MOD15A1. 
Mixed forests (MF) counts for 39.31 percent of MODIS land cover type 1 in 
tile h28v05 of year 2009 while MODIS land cover type 5 do not have 
classification of MF. In MODIS land cover type 5, 56.70 percent and 29.24 
percent of MF classified in land cover type 1 is in deciduous broadleaf 
forests (DBF) and evergreen needleleaf forest (ENF), respectively. In BESS, 
Vcmax of mixed forests in the Korean peninsula is 55 μmol m-2 s-1 while 
Vcmax of DBF and ENF is 58 μmol m-2 s-1 and 32 μmol m-2 s-1, 
respectively. Spatial mismatch between land cover used in BESS and in 
MODIS LAI product could cause uncertainties in quantification of GPP and 
ET. This study changes land cover used in BESS from land cover type 1 
(IGBP) to land cover type 5 (PFT).  
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Table 4 Comparison of classifications of MODIS land cover type 1 and 
type 5 [Friedl, n.d.] 
Land Cover Type 1 Land Cover Type 5 
Evergreen needleleaf forest Evergreen needleleaf forest 
Evergreen broadleaf forest Evergreen broadleaf forest 
Deciduous needleleaf forest Deciduous needleleaf forest 
Deciduous broadleaf forest Deciduous broadleaf forest 
Mixed forests  
Closed shrubland Shrubs 
Open shrublands  
Woody savannas  
Savannas Savannah 
Grasslands Grass 
Permanent wetlands Cereal crop 
Croplands Broadleaf crops 




Snow and ice Snow and ice 





1) Evaluation method 
To evaluate the results of rTSF and BESS, the systematic error (bias), root-
mean-square error (RMSE), systematic RMSE (RMSEs), unsystematic 
RMSE (RMSEu), proportion of RMSEs to RMSE (PRMSEs) and proportion 














































 Where xs and xo denote the modeled and measured values, 
respectively. i is i
th
 sample and n is the number of sample used in evaluation. 
?̂?s is the value of the linear regression of xs on xo (i.e. ?̂?s = a * xo + b, where 
a is slope and b is intercept).  
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 Bias indicates a measure of systematic inaccuracy of the model 
performance and RMSE is the overall measure of the model agreement with 
field data. Low value of bias and RMSE indicates better performance of 
model. RMSEs and RMSEu are RMSE which arises from systematic and 







1982]. PRMSEs and PRMSEu measure the proportion of the total RMSE 
induced by systematic and unsystematic biases, respectively.  
 The errors of MODIS geolocation become larger as the sensor field 
of view increases but the error is reduced to 50 m at nadir [Wolfe, 2002]. 
For this reason, evaluation studies have been recommended to use the mean 
value of surrounding pixels (mostly, 3 km x 3 km) [Tan et al., 2006; Verger 
et al., 2011]. However, it is hard to find a truly homogeneous 3 km x 3 km 
area and using 3 km x 3 km pixels could induce more uncertainties [Fang et 
al., 2008]. At heterogeneous sites, single pixels could be better for 
evaluation [Fang et al., 2008]. Field measurement sites, used in this study, 
are not homogeneous 3 km x 3 km areas. Therefore, the simulated results 
were evaluated at the 1 km x1 km pixel enclosing the sites where field 
measurements were conducted. 
 
2) Evaluation data 
To evaluate the result of rTSF, field measurements of LAI were used. LAI 
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measurements have been carried out using LI-2000 (http://www.licor.com), 
from 2006 to 2011 at GCK and GDK.  
 GPP from BESS was evaluated using eddy-covariance data of GCK, 
GDK and Haenam farmland (HFK). GPP data from eddy-covariance system 
is the sum of NEE and ecosystem respiration. Eddy covariance derived GPP 
data are available from 2007 to 2010 at GCK and GDK, 2006 and 2008 at 
HFK. Values of GPP at Mt. Changbai published in Zhang et al. [2006a] and 
Zhang et al. [2006b] were used in the evaluation.  
 ET was evaluated with two data streams: ET data from eddy-
covariance system and from water balance at basin scale. Eddy-covariance 
ET data can be used to evaluate a single pixel on a daily basis while the 
annual ET from BESS at basin scale can be compared with water balance 





1) Reprocessing MODIS LAI product 
The results of rTSF, raw MODIS, mTSF and BESS were compared to 
ground measurement in GDK site (Figure 6). Raw MODIS data shows the 
largest discrepancy with in-situ data (RMSE of rTSF: 1.13, raw MODIS: 
1.45, mTSF: 1.37 and BESS: 1.22). LAI values from rTSF, raw MODIS, 
mTSF and BESS are negatively biased by -0.46, -0.85,-0.85 and -0.50, 
respectively. RMSE of results from the four methods are induced mainly 
from unsystematic errors (PRMSEu of rTSF: 0.83, raw MODIS: 0.70, 
mTSF: 0.49 and BESS: 0.80). Difference between field measurement LAI 
and the result of the rTSF showed a statistically significant improvement 
compared to difference between field measurement LAI and the result of 
raw MODIS and BESS (Table 5).  
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Figure 6 Comparison of LAI from (a) rTSF, (b) raw MODIS (QC=0 or QC=32), 
(c) mTSF and (d) original BESS, and field measurement LAI. Field 
measurement is conducted at Gwangneung deciduous forest. The dotted 
line is 1:1 line and the solid line is the regression line. 
 
Table 5 P-values for t-test on difference between results of rTSF - field 
measurement LAI and raw MODIS - field measurement LAI (raw MODIS), 
mTSF - field measurement LAI (mTSF) and BESS - field measurement LAI 
(BESS). 
 raw MODIS mTSF BESS 





Figure 7 Time-series of multi-year LAI values of (a) rTSF, (b) raw MODIS 




Figure 8 Seasonal to interannual patterns of LAI measured at Gwangneung 
deciduous forest. 
 
Figure 7 shows time-series of multi-year LAI values of rTSF, raw 
MODIS, mTSF and BESS at GDK. LAI derived from raw MODIS and 
BESS have much noise which led the inter-annual variations of MODIS and 
BESS derived LAI to be vague. LAI from mTSF has up-down-up patterns in 
all years that barely appear in field measurement (Figure 8). Interannual 
variation is shown in rTSF derived LAI and small up-down-up pattern of 
rTSF LAI is found in 2006.  
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Figure 9 Time series plots of means of rTSF, raw MODIS, mTSF and BESS 
derived LAI for each plant functional type from in the Korean Peninsula 
(year 2009)  
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Figure 9 shows temporal patterns of averages of LAI from four 
different LAI products for each plant functional type (PFT) in the Korean 
Peninsula for the year 2009. Overall, four different LAI products have 
similar temporal patterns for LAI in different PFT. However, BESS derived 
LAI tends to have larger LAI values for most PFT and raw MODIS LAI has 
noise, which is severe in forested area, during summer time. LAI from 
mTSF has up-down-up patterns in Evergreen Broadleaf forest and 
Evergreen Needleleaf forest (Figure 9 (a) and (b)). Temporal patterns of 
rTSF derived LAI are smoother, compared to those of other LAI products 
and do not have up-down-up patterns in all PFT. 
Better estimates of LAI will improve the performance of models for 
carbon and water exchange between the atmosphere and the land [Asner et 
al., 2003]. LAI from rTSF seems to better reflect phenology of LAI; 
frequency of up-down-up patterns is lower than that of mTSF derived LAI 
and the noise is much less than those of raw MODIS and BESS derived LAI. 
LAI from rTSF can be used effectively for quantification of GPP and ET in 
BESS.  
 
2) BESS derived GPP and ET 
① Evaluation with field measurement 
The BESS derived daily ET and GPP was evaluated with flux tower 
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data. BESS shows strong correlation for GPP at GDK (r
2
=0.802) and ET at 
GDK, GCK, HFK and SMK (r
2
= 0.840, 0.832, 0.727 and 0.711, 
respectively). The BESS derived monthly GPP also shows very strong 
relation with the flux tower GPP at Mt. Changbai in China (r
2
 = 0.9503, 
Figure 12). GPP at GDK and GCK are positively biased (0.996 for GDK 
and 0.048 for GCK), with overestimates from BESS (Figure 10) while GPP 
at HFK and Mt. Changbai show negative bias (-1.080, -21.3931), with 
underestimated GPP from BESS (Figure 10 and 12). GPP from flux tower 










BESS derived ET at GDK, GCK and SMK are overestimated, 
compared to flux tower ET (bias = 0.522, 0.272 and 0.131, respectively) 
while BESS derived ET at HFK and CFK are negatively biased (bias = -
0.190 and -0.293). RMSE for GPP at HFK is mostly derived from 
unsystematic errors and RMSE for ET at most of sites (except GDK) are 
mostly derived from unsystematic errors.  
Solar irradiance of BESS is correlated with flux tower measurement 
(r
2
 = 0.746, Figure 13). Daily solar irradiance of BESS has higher value than 
that of flux tower (bias = 2.021). 79.6% of RMSE for solar irradiance arises 




Figure 10 Scatter plots of daily gross primary productivities from flux tower 
measurement and BESS at (a) GDK, (c) GCK and (e) HFK. Time-series plots 
of daily gross primary productivities from flux tower measurement and 
BESS at (b) GDK, (d) GCK and (f) HFK. The dotted line is 1:1 line and the 
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Figure 11 Scatter plots of daily evapotranspiration from flux tower 
measurement and BESS at (a) GDK, (c) GCK, (e) HFK, (g) SMK and (i) CFK. 
Time-series plots of daily evapotranspiration from flux tower measurement 
and BESS at (b) GDK, (d) GCK, (f) HFK, (h) SMK and ( j) CFK. The dotted line 
is 1:1 line and the solid line is the regression line.  
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Figure 12 Scatter plot of monthly gross primary productivities at Mt. 
Changbai between flux tower measurement (derived from [Zhang et al., 
2006a; Zhang et al., 2006b]) and BESS. The dotted line is 1:1 line and the 
solid line is the regression line. 
 
Figure 13 Scatter plot between flux tower daily solar irradiance and BESS 
daily solar irradiance at GDK. The dotted line is 1:1 line and the solid line is 
the regression line.  
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② Evaluation with water balance derived ET  
BESS-derived ET was compared to water balance derived ET at 
basin scale (Figure 14). Annual precipitation and discharge data within 
basins were required in calculation of water-balance derived ET. Basin scale 
annual precipitation was estimated by using a precipitation map. 
Precipitation map was produced annually by using spatial interpolation of 
annual precipitation data provided by Korea Meteorological Administration 
(www.kma.go.kr). Discharge data were obtained from Water Management 
Information System (www.wamis.go.kr). Data of small and medium sized 
basin, which are located on upstream, were used in evaluation of ET from 
BESS. Basins with any big dam on their upstream were excluded since 
dams prevent natural stream flows. Also, large sized basins such as Han 
Figure 14 Comparison of evaporation between the water-balance derived 
evaporation from basins and BESS. 
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River and Nak-Dong River were used. Data points with excess or low (less 
than 10% of percipitation) discharge to precipitation are excluded. The basin 
scale ET was calculated using a water-balance approach (rainfall minus 
discharge) as reported by Jung et al. [2010]. Annual ET for 20 basins was 
used in evaluation of BESS derived annual ET. BESS derived basin scale 
ET is strongly correlated with water-balance approached ET and has low 
negative bias (r
2
 of 0.77 and bias of -3.78 e+07)  
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2. Analysis on Spatial and Temporal patterns 
 
1) Annual GPP and ET  





 (equivalent to 0.29 PgC) throughout the Korean Peninsula with 
relative standard deviation (STD) of 2.44 % and the mean annual land ET is 
491 mm year
-1 




) with higher interannual 
variation (relative STD of 3.27 %, Figure 15), compared to GPP. GPP and 
ET are higher in South Korea compared to those in North Korea. Land cover 
change, defined as changes in MODIS land cover type of each pixel during 
the eleven years (2001-2011), causes higher relative STD (Table 5). Relative 
STD of GPP is higher in crop land compared to that in forest (Table 6) while 
that of ET is lower in crop land.  
Low precipitations (less than 75% of mean precipitation during the 
years of 2001 through 2011) were recorded in 2001 and 2008. The 
sensitivity of ET to the stomata conductance during growing season (Mar - 
Nov) was averaged. The sensitivity of ET in winter was excluded since ET 
in winter is very low compared to the other season (Figure 18). The 
sensitivity of ET to the stomata conductance in dry years is highly positive 
in high mountain areas (>0.8) while the other areas show similar sensitivity 
value with the one in non-dry years.  
43 
 
Figure 15 Annual (a) gross primary productivity, (b) evapotranspiration and 
(c) precipitation from 2001 to 2011. 
44 
 
Figure 16 Maps of mean annual (a) gross primary productivity and (c) 
evapotranspiration. Maps of relative standard deviation of (b) gross primary 




Figure 17 Map of land cover change. White indicates that land cover did not 
change during the years of 2001 through 2011 and black indicates that land 
cover changed.  
 
Table 6 Averages of ET and GPP relative standard deviation under land 
cover changed and not changed 
 
Land cover changed Land cover not changed 
GPP 0.2963 0.2226 
ET 0.107 0.055 
  
Table 7 Averages of relative standard deviation of GPP and ET in forest and 




Forest 0.1671 0.0607 
Crop 0.2486 0.0514 
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Figure 18 Map of the averaged sensitivity of evapotranspiration to canopy 
conductance (gs) through 2001 to 2011 (a). Map of anomaly of sensitivity 
of evapotranspiration to gs in dry year 2001 and 2008. The sensitivities of 
evapotranspiration to the canopy conductance during the growing season 




2) Seasonal GPP and ET 
Most of GPP and ET in the Korean Peninsula occur in summer (62.93% and 
44.45%, respectively, Table 7). GPP in 2001 is lowest of the eleven years 
(2001-2011). Precipitation in 2001 and 2008 are very low (Figure 15), and 
the phenomena of low precipitation occurred in spring of 2001 and autumn 
of 2008 (Figure 19). The Korean Peninsula experiences dry season in spring 
and autumn (Figure 22). The proportion of GPP contributed from sunlit is 
higher in spring and winter than that from shaded leaves while GPP 
occurred in shaded leaves is larger than that in sunlit in summer.  
ET in spring and autumn are the most sensitive to the canopy 
conductance while in summer ET is sensitive to both canopy conductance 
and available energy (Figure 21a and 21b). Aerodynamic conductance 
controls spring ET in northern part of the Korean Peninsula. 
Table 8 Seasonal average and relative standard deviation of gross primary 
productivity, evapotranspiration and precipitation. (Spring: Mar-May, 


























Spring 185.37 7.91 98.09 7.38 106.84 32.03 
Summer 654.41 3.51 224.98 3.39 350.77 17.52 
Autumn 192.58 4.65 165.88 4.91 106.96 41.37 




Figure 19 The mean seasonal (a) gross primary productivity, (b) 








Figure 21a Maps of relative sensitivity of seasonal evapotranspiration to 
available energy ((a) for spring, (d) for summer and (g) for autumn), canopy 
conductance ((b) for spring, (e) for summer and (h) for autumn) and 
aerodynamic conductance ((c) for spring, (f) for summer and (i) for autumn). 
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Figure 21b Maps of relative sensitivity of seasonal evapotranspiration to 
available energy ((a) for spring, (d) for summer and (g) for autumn), canopy 
conductance ((b) for spring, (e) for summer and (h) for autumn) and 
aerodynamic conductance ((c) for spring, (f) for summer and (i) for autumn). 
 
Figure 22 Maps of evapotranspiration / potential evapotranspiration (a) in 




1. Evaluation of BESS.  
The performance of BESS in the Korean Peninsula has proven to be reliable 
when checked against flux tower estimates at HFK, SMK and CFK, data-
driven products and basin water balance derived ET (Figure 12 and 13). The 
correlations between GPP and ET of BESS, and GPP and ET of other data 
streams are strong. However, GPP and ET of BESS are overestimated 
compared to flux tower GPP and ET at GDK and GCK. This is partly 
because solar irradiance, used in BESS as an input variable, is over-
estimated compared to that of flux tower (Figure 13). GPP at GCK shows a 
weak correlation between BESS and flux tower (r
2
=0.572). It is thought to 
be because GCK site, coniferous forest, does not cover a MODIS pixel 
(1km x 1km) and land cover used in BESS classified a pixel enclosing GCK 
as DBF, not ENF and high GPP value of flux tower in winter is another 
reason for the weak correlation. BESS shows a better agreement with large-
scale data and monthly data, compared to the agreement with pixel by pixel 
daily data.  
 
2. Spatial and Temporal Patterns of GPP and ET 
North Korea shows lower GPP and ET value than South Korea. Cooler 
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climate of North Korea could be one reason. It also seems to be due to forest 
degradation in North Korea. According to Korea Forestry Service 
(www.forest.go.kr), forests in North Korea have been degraded due to 
excessive logging and over-exploitation of forest resources.  
Interannual variation in GPP and ET is larger in the place where 
land cover has been changed over the eleven years (2001-2011, Table 6), so 
that land cover change is thought to be one of major causes of interannual 
variation in GPP and ET. Crop land shows large interannual variation in 
GPP and less interannual variation in ET, compared to forest (Table 7). Crop 
land is largely affected by human activities while forest is not. Large 
interannual variations of GPP in crop land could mean that agricultural 
activities have been not constant. ET shows lower interannual variation in 
crop land than GPP does. Rice paddy accounts for 60.37% of crop land in 
South Korea between 2002 and 2011 (Statistics Korea, www.kostat.go.kr). 
Rice paddy contains water during growing season. Regardless of whether 
there are plants or not, evaporation occurs from the surface of free water. 
This means that even when agricultural activities do not take place, ET 
continues to occur while GPP does not. 
Drought in spring affects plants’ activity throughout the year. In 
2001, precipitation during the spring is very low compared to in other years. 
Low precipitation in leaf-on season could disturb plant growing such as LAI 
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[Dong et al., 2011; Kim et al., 2010]. As a result, low level of 
photosynthesis lasts over a leaf life span, so that annual GPP was lower in 
2001, compared to the mean annual GPP of the other years.  
 
3. What controls evapotranspiration in Korea? 
Biological factor such as canopy conductance has a dominant control over 
spring and autumn ET in Korea. Spring and autumn, when precipitations are 
low, are dry season in the Korean Peninsula and soil moisture is expected to 
be lower in dry season than in non-dry season. Canopy conductance varies 
along soil moisture gradient [Alder et al., 1996]. Lower soil moisture makes 
canopy conductance low which causes a high sensitivity of ET to canopy 
conductance. In summer, the available energy and canopy conductance 
control ET. The Korean Peninsula experiences summer monsoon when there 
are lots of clouds in the sky. Clouds prevent solar radiation from reaching 
the land. Reduced available energy strongly limits ET in summer. Both 
biological and environmental factors control summer ET in the Korean 
Peninsula.  
ET of dry year in highland is mainly controlled by biological factor. 
Canopy conductance is highly limited in dry condition [Alder et al., 1996]. 
Stomata, through which CO2 and H2O exchange, is highly affected by soil 
moisture [Khatun et al., 2011]. Precipitation in high mountain area tends to 
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flow into lowland and soils at high altitude tend to contain lower moisture 
[Qiu et al., 2001]. In dry season, the negative relation between elevation and 
soil moisture content enhances [Qiu et al., 2001]. ET of dry period in 
highland becomes highly sensitive to the canopy conductance due to low 
soil moisture contents (Figure 18). However, the other areas show similar 
values of the sensitivity of ET to the canopy conductance with the averaged 
sensitivity between 2001 and 2011. According to Korea Soil Information 
System (www.soil.rda.go.kr), the fine sandy loam is the most common soil 
texture in the Korean Peninsula (44.2% of fine sandy loam). Fine sandy 
loam is medium textured soil of which water holding capacity and available 
water for plants are high [Brady and Weil, 2008]. Therefore, soil moisture 
contents in lowland are expected to be relatively stable even in dry season 
which means drought does not severely affect plant growing in lowland and 
its canopy conductance.  
 
4. How do the contributions of sunlit and shaded leaves to 
GPP change in different season?  
Korea’s forests are dense in summer, so the proportion of shaded leave is 
not negligible. The contributions of sunlit and shaded leaves to GPP change 
with the seasons [Wittig et al., 2005]. In spring and autumn, LAI is low and 
direct solar radiation reaches most of leaves, so that the contribution of 
sunlit is larger than that of shaded leaves. However, in summer when LAI is 
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high, the proportion of leaves getting direct solar radiation is reduced. 
Instead, the contribution of diffused radiation, reaching shaded leaves, to 
GPP becomes larger. 
Big leaf model does not take shaded leaves into account. According 
to Sprintsin et al. [2012], shaded leaves contribute about 51% to GPP and 
exclusion of shaded leaves in estimating GPP causes underestimation. 
Contribution of shaded leaves in the Korean Peninsula is from 40% to 60% 
during the growing season. Therefore, estimating GPP of the Korean 




In this study, the performance of BESS in the Korean Peninsula was 
evaluated with ground based LAI measurement, flux tower measurement 
and basin-level water balance data and MODIS LAI product was improved. 





 and 491 mm year
-1
, respectively. Land cover change is one of main 
reasons for interannual variation of GPP and ET. Interannual variation of 
GPP is larger in crop land compared to in forest, while that of ET is smaller 
in crop land. This seems to be because agricultural activities are mainly 
controlled by human while forests are not. Biological control such as 
canopy conductance over ET is dominant in spring and autumn due to 
spring and autumn drought and summer ET is controlled by available energy 
and biological factor. ET at high altitude is more sensitive to drought than 
ET at lowland. The contribution of shaded leaves to GPP is not negligible as 
shaded leaves contribute to about 51% of summer GPP. .   
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BESS 를 이용한 한반도의 광합성
과 증발산의 시공간 패턴 분석 





육상생태계에서의 탄소와 물 순환을 이해하고, 탄소와 물 순환의 변
화를 예측하기위해서는 광합성과 증발산의 시공간적인 패턴을 분석하는 
것이 중요하다. 하지만 시공간적으로 연속된 광합성량과 증발산량을 한
반도내에서 추정한 연구는 거의 없었다. 이 연구에서는 생물리모형인 
Breathing Earth System Simulator (BESS)를 이용해 한반도 내의 광합성
과 증발산의 시공간적인 패턴을 분석하였다.  
엽면적지수(Leaf Area Index, LAI)는 BESS 모형의 가장 중요한 입력
변수 중 하나로,  BESS 모형에서 광합성과 증발산은 엽면적지수에 가장 
67 
민감도가 높다. 엽면적지수 보정은 re-modified temporal and spatial 
filter (rTSF) 방법을 통해 이루어졌다. 엽면적지수 보정결과 BESS의 것과 
raw MODIS의 것보다 정확도가 향상되었다. 2001부터 2011년까지 한반도
의 광합성과 증발산 추정은 보정된 엽면적지수를 이용하였다. BESS를 통
해 얻어진 광합성과 증발산은 각각 4군데와 5군데 사이트에서 에디공분
산을 통해 관측된 측정값을 통해 평가되었다. 또한, 물수지방법을 이용
한 유역규모의 증발산량을 추정하여, BESS의 결과값을 평가하였다. GDK
와 GCK사이트에서는 현장관측값에 비해 BESS의 광합성과 증발산이 모
두 양으로 편중되어 있었으나, 다른 사이트에서는 현장관측결과와 BESS
의 결과들이 비슷한 값을 보였다.   





과 491 mm year
-1
이었다. 광합성과 증발산의 연간변화의 주된 
원인중 하나는 토지피복변화였다. 고지대에서의 증발산은 평년에 비해 
건조한 해에 canopy conductance에 더 민감하게 반응하였다. 봄 가뭄과 
가을 가뭄은 봄과 가을 증발산이 canopy conductance에 더 민감하게 반
응하는 원인이었다. 여름철 가뭄으로 인한 구름양 증가로 인해, 여름에
는 가용한 에너지가 증발산을 좌우하는 주요 요소로 작용하였다. 
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